Value of leisure Value of travel time Value of time assigned to travel Expenditure Mode choice a b s t r a c t This paper presents the joint time-use, expenditure and mode choice model, based on the theoretical framework of Jara-Díaz and Guevara (2003), for the first time estimated in panel setting while using surveyed expenditure data. This extended estimation takes into account multiple trips per individual, as well as mode availability. The model was estimated using the novel dataset gathered in Austria in 2015. It includes individual-specific information on time-use, expenditures and mode choice. As a result, we calculate the value of leisure (VoL), travel time savings (VTTS) and time assigned to travel (VTAT), that are relevant inputs to appraisals of transport policies. We also show that, at least for the Austrian working population, the omission of expenditures in the model might result in a significant overestimation of the value of leisure (16.83%); the VoL (9.29€/h) was estimated to be considerably lower than the wage rate (12.14€/h) and the VTTS varies strongly between the modes (9.98€/h for car, 3.91€/h for public transport, 9.25€/h for bike and 17.53€/h for walk). The joint estimation framework produced positive estimates of VTAT (5.38€/h) only for public transport, reflecting the favorable public transport conditions in Austria.
Introduction
The integration of travel decisions into the framework of time-use and activity scheduling has received increasingly more attention in recent years (for a detailed summary of different approaches, see e.g. Bhat, 1998; Bradley and Vovsha, 2005; Bhat et al., 2013; Jara-Díaz and Rosales-Salas, 2017) . A prominent strand of research in this context was established by Jara- Díaz and Guevara (2003) and expanded by Jara-Díaz et al. (2008) . They highlighted that a person who makes a travel decision does not only maximize her/his utility in a particular choice situation, but also in the surrounding time-expenditure space. They developed a time-use framework model, which allows to estimate different aspects of time-use in monetary terms. A key output is the value of leisure (VoL). It represents the marginal utility of all activities with assigned time exceeding the necessary minimum. Following DeSerpa (1973) , the VoL permits a deeper examination of the value of travel time savings (VTTS) obtained from travel choice models. The VTTS equals the VoL minus the value of time assigned to travel (VTAT). It summarizes the value of the liberated time (opportunity cost of travel), while the VTAT represents the direct utility (or disutility) derived from the time spent in the travel activity. The VTAT differs between modes and specific conditions of travel, such as comfort, reliability, crowding or the possibility to use in-vehicle time productively.
The VTAT is important from a transport planning perspective. For a public transport operator, it enables a comparative evaluation of investments in better travel conditions (supported by the VTAT) or in higher speed (justified by the VoL). Furthermore, the VTAT of car travel will presumably receive increasing attention in the context of autonomous driving: the release from the driving task enables secondary activities during the trip. As a result, time spent in a car will be perceived as being more useful (the VTAT will increase), and car use should become less sensitive to longer travel time, e.g. due to congestion.
So far some attempts have been made to estimate the model of Jara-Díaz et al. (2008) , but the number of studies was limited by the large amount of required data. This model uses information about the patterns of time-use, expenditure allocation, and travel decisions. All of which have to be tracked over a whole work-leisure cycle (Jara-Díaz and Rosales-Salas, 2015; . Appropriate datasets that cover such broad information were not available for a long time. Therefore, previous studies have estimated only incomplete models, mostly without travel decisions 2016) , or considering only one trip . In order to overcome these limitations, Aschauer et al. (2019) developed a novel survey procedure, the so-called Mobility-Activity-Expenditure Diary (MAED). In 2015 it was applied for the first time while collecting the data of interest from employees in Austria.
Using the MAED data, Hössinger et al. (2019) provided the first results based on the complete modelling framework, including time-use and expenditure equations. The results include estimates for the VoL, VTTS and for the first time a mode-specific VTAT. A serious limitation, however, is that the results from the discrete choice model used in come from the independent estimation done by Schmid et al. (2019) . It is worth mentioning that both studies used the same dataset. 1 A consequence of the separate estimation is that possible correlations between the error terms of continuous and discrete decisions were not considered. Also, no confidence intervals were reported for the VTAT, as it was computed from the estimates of separate models.
This calls for a joint estimation procedure for both the continuous and discrete parts in order to obtain more efficient state-of-the-art estimates for all parameters and values of time. This is not possible in the multiple discrete-continuous extreme value model (MDCEV) proposed in Bhat (2005; 2008) . The MDCEV can only be applied to decisions regarding activities that generate intrinsic positive utility. Travel is well known to be a derived activity which generates negative utility and which people would thus prefer to avoid. The time and expenses assigned to travel could enter the MDCEV only as an 'outside good', which is externally given but not estimated endogenously. We show the gains from the additional information and the joint estimation by comparing models with and without inter-block correlations (between time-use and travel mode decisions), and models with and without expenditure equation. The starting point for this study is the work by Munizaga et al. (2008) , who presented a discrete-continuous model with explicit consideration of correlations between both types of decisions. The model was calibrated using a Chilean sample of long-distance commuters to downtown Santiago who completed a three days' activity diary. The dataset includes only one mode choice for the commuting trip and no expenditures. The resulting model is therefore incomplete in the sense that it includes no expenditure equation and a single morning trip to work, which is a very limited representation of the person's general travel behavior.
The objective of this paper is to improve over both Munizaga et al. (2008) and Hössinger et al. (2019) with three innovations. First, based on the aforementioned MAED dataset, we provide a joint estimation of the complete model framework -the time-use model and the travel choice model. It includes time-use equations, expenditure equations (for the first time using information from the same individuals) and all mode choices made over the whole observed period. 2 Second, the employed modelling framework allows the calculation of the value of leisure (VoL) along with different values of travel time (VTTS and VTAT). Third, we develop an advanced estimation procedure, which is able to use the rich information of the MAED dataset in a panel setting. The unobserved individual-specific characteristics that might affect the choices are modelled with latent factors. The joint estimation framework can also accommodate for the large and varying number of mode choices (MAED survey participants reported 23 trips on average during the survey week, each of which establishes a separate mode choice). Also, it is able to automatically derive the equations of the conditional moments (mean and standard 1 The mode specific VTTS was estimated in a parallel effort by Schmid et al. (2019) from a discrete choice model, which combines different data types (RP, SP) and experiment types (mode, route, and shopping destination choice).
2 Habib (2013) refers to such models with separate functions for discrete and continuous choices, which require that the correlation between both types of decisions needs to be modeled explicitly, as 'loosely coupled' -as opposed to 'tightly coupled' models, which use common attributes and parameters to estimate pairs of discrete and continuous choices (as a result, the juncture between both types is implicitly addressed and no extra measure is necessary to address the correlation). A prominent example of the latter is the multiple discrete-continuous extreme value model (MDCEV, see Bhat, 2005; Castro et al., 2012) , which estimates the discrete choice, if a non-zero amount of time is assigned to a particular activity, and (if so), the continuous choice of the amount of time assigned to that activity. deviation) of the normal distribution for a large number of variables. The complexity of these equations increases disproportionately to the number of variables, thus doing it manually might become a huge burden. The estimation solution was developed using the statistical computing language R (R Core Team, 2013) . 3 This paper is organized as follows. In Section 2, the theoretical joint model is introduced. The MAED data-set is discussed in Section 3. Section 4 contains the estimation results of the four models (with/without expenditure modelling with/whithout panel structure), as well as an a-priori segmentation analysis according to socioeconomic characteristics. Section 5 reviews the central findings of this study and discusses future research. DeSerpa (1971) proposed a sophisticated theoretical model, which treated utility as a function of commodities and time, and considered budget, total time, and minimal required time constraints. This model laid the foundation for the microeconomic model developed in Jara-Díaz and Guevara (2003) . The authors combined travel mode choice and time allocation systems, and showed that "estimating both types of models from the same population makes it possible to obtain all components of the subjective value of travel time savings empirically" (pp. 29). Although Jara-Díaz et al. (2008) generalized the theoretical framework and presented a time-use-expenditure model, expenditures directly obtained from the same individuals were not used until Hössinger et al. (2019). 4 In our paper we further refine the modelling structure while using the methodology proposed by Jara-Díaz et al. (2008) and Munizaga et al. (2008) . This approach takes into account not only the intra-continuous-block, but also the inter-block correlations (between time-use and travel mode decisions). We extend it with panel structure and the incorporation of the expenditure equation proposed in Jara-Díaz et al. (2008) and used in Jara-Díaz and Astroza (2013), as well as in Hössinger et al. (2019) .
Modelling framework

Time-use decision
Model formulation
Following the framework developed in Jara-Díaz and Guevara (2003) and Jara-Díaz et al. (2008) , the agent's utility is assumed to have a Cobb-Douglas form:
In Eq. (1) utility U is a function of T w -the amount of time assigned to work, T i -the time assigned to activity i, and E j -the expenditure assigned to good j. The exponents θ w , θ i , φ j are the baseline utilities of time assigned to work, activities, and expenditures respectively. They also represent the elasticity of utility with respect to a corresponding input. The utility maximization problem can be expressed as:
Here A and G are sets of activities and expenditures. θ A and φ G are vectors of time and expenditure exponents. Goods and activities are divided into two groups, freely chosen and committed. The latter ones restrict their freely chosen counterparts. Constraints (3)-(4) also include w -the wage rate, I -income not related to work, τ -total available time (in our study it will be 168 h). One can solve the presented maximization problem by applying the Lagrange method. The
Lagrange multipliers are given on the right side of each constraint (μ, λ, κ i , η j ). They show the marginal utility/cost of relaxing/strengthening the constraints. The technical constraints (Eqs. (5) and (6)) on those committed activities and goods that are necessary for personal and household maintenance (travel, rental cost etc.) are not explicitly estimated. They are inferred from the observations and introduced in the time and budget constraints as T c and E c . For these activities/goods consumers are left with no other choice but to stick to the technical minimum (T Min i /E Min j ). The analytic solution of the constrained maximization problem defined by Eqs. (2)-(4) yields the following expressions of optimal amount allocated to labor, freely chosen activities, and expenditure groups (for more details, see Hössinger et al., 2019) :
where g i is a function of parameter vector β and η i ∼ N(μ i , σ i ) is error component. The estimation procedure takes into account the possible correlations between equations. Later, this dependency is referred to as intra-block correlation. The joint density can be partitioned as:
The log-likelihood function for sample of size J is:
Under the normality assumption of {η 1 , η 2 , η 3 }, the conditional distributions as well as the conditional moments (μ η 2 |η 1 , μ η 3 |η 1 η 2 , η 2 |η 1 , η 3 |η 1 η 2 ) can be found by applying the "Conditional Normal Distribution" Theorem.
Indicators
The maximum likelihood (ML) estimation for the given log-likelihood function (Eq. (12)) yields estimates of the parameters from Eqs. (7)-(9). Then using these values and the first order conditions from Oort (1969) or Jara-Díaz and Guevara (2003) the VoL and VTAW can be calculated as follows:
where T w is the fitted value of work time.
Discrete choice model
Model formulation
In the mode choice dimension, an individual again maximizes her/his personal utility and chooses transportation mode q if:
Utility U consists of the observable part V (the indirect utility) and an error term . The indirect utility V q is assumed to be a function of duration (time q ), price (cost q ) and other mode specific variables. Following Munizaga et al. (2008) we assume that are Gumbel distributed and thus the new error term (ω) distributes logistically (Domencich et al., 1975) . As not all transportation modes might be available for all observations, dummy variable α ikq is introduced to control for this.
The probability that the person i chooses mode q for her/his k-th trip is:
where Q is the number of alternatives, and dummy variable α ikq is equal to zero, if alternative q is not available for the trip k, and one otherwise.
Likelihood formulation
Under the assumption of Gumbel distributed errors, the log-likelihood is defined as follows:
where J is the number of people, n i is the total number of trips that person i has conducted.
Indicators
Using the results from Bates (1987) and Jara-Díaz and Guevara (2003), one can calculate the VTTS and the VTAT:
Joint estimation
Conceptually, the value of travel time savings (VTTS) estimated from travel choice models represents the willingnessto-pay to diminish travel time by one unit. As originally shown by DeSerpa (1971) , the VTTS has two components: the opportunity cost regarding other activities (leisure or work) and the value of a reduction of the travel activity by itself. The first component is the value of leisure (VoL); the second, called the value of time assigned to travel (VTAT), depends on travel conditions. The analytical formula is given in Eq. (20). Here VTTS q is the (mode-specific) value of travel time saving, VoL the (individual-specific) value of leisure, and VTAT q the value of time assigned to travel, driven by mode-specific characteristics, such as comfort, and how productively in-vehicle time can be used for secondary activities (for a general derivation, see Jara-Díaz (2007), Chapter 2). The equation shows that unless one has an estimate of both, i.e. VoL and VTTS q , the VTAT q simply cannot be estimated. This is exactly the reason why a joint model of time-use and mode choice is needed.
The joint estimation of the full model framework with all types of decisions (time-use, expenditures, and mode choice for all weekly trips) is the key innovation presented in this paper. The estimation advancements were partly forced, partly matured by the usage of the rich MAED dataset and the necessity to transform the available information into the continuousdiscrete model variables. We advance the relevant literature along the following lines. Firstly, the expenditure (Eq. (9)) was included into the modelling framework, secondly the assumption of one trip per individual was given up. Thirdly, the derivation of the conditional moments was automated with a computer algebra system (Maxima) and R. This flexible procedure simplifies the inclusion of more than three equations into the continuous block, as well as the modelling of a high and variable number of discrete choices, and the usage of extended utility functions with interaction terms.
The previously defined systems of equations (Eq. (7)-(9)) and indirect utilities from Eq. (17) remain the same in this joint model; only the estimation procedure changes. As Munizaga et al. (2008) pointed out, the error terms from both system blocks, Section 2.1 and 2.2, may be correlated due to common parameters/variables or hidden relationships between the variables (e.g. the duration of trip influences how much free time is left). Because of this, it is desirable to jointly estimate both systems of equations and account for possible inter-block correlations. What is more, mode choice utility is a conditional indirect utility function that can be derived from a activity-consumption consumer behavior model (Jara-Díaz and Guevara, 2003; Jara-Díaz, 2007) . So direct utility and the so-called modal utility have to be compatible, but they belong to different levels (one is derived from the other). The error term (η) from the continuous block is assumed to follow a trivariate normal distribution and ω from the discrete block distributes logistically. To find the joint distribution, the transformation proposed by Lee (1983) was applied to the discrete choice part (Eq. (17)):
After this modification, the components from both blocks of the system are normally distributed and thus one can apply the "Conditional normal distribution" Theorem. These steps produce the following log-likelihood formula:
where i indicates the person, k -the trip and q -the transport mode. α ikq -is equal to zero if alternative q is not available for person i on trip k. and one otherwise. δ ikq -is equal to zero if alternative q is not chosen for trip k of person i, and one otherwise. φ(.) and (.) correspond to the density and distribution functions of the standard normal distribution. η mi is the error term from the m-th continuous equation (Eq. (7)-(9)) for individual i. μ y|x and σ y|x denote conditional mean and standard deviation. y ikq is the Lee transformed probability (Eq. (17)) of mode q chosen by person i for trip k. Additionally, W 1i , W 2i , W 3i are weights applied only to the continuous equations. This might be used to balance the log-likelihood, if for one observation in the continuous block ({T w,i , T f 1,i , E f 1,i , ...}) multiple choices/trips are available. The weights can be chosen to be proportional to the number of trips (n i ) made by each individual i. The multinomial logit assumes "independence of irrelevant alternatives" (IIA) property, which in some cases might be doubtful. 5 Also, if a panel structure is present, choices across time might be correlated (Bhat and Gossen, 2004) or an unobserved individual-specific characteristic might affect the choice of travel mode (Toledo et al., 2007) . To take the latter possibility into account, the formulation of the discrete model is updated. For this purpose, a normal error component model with latent variables (Walker et al., 2007) is used. This implies that the alternatives are correlated through the factor loadings (f q ) and the latent individual traits are expressed as factor ζ i . The error term q from Eq. (15) has the following form for alternative q and individual i:
where ζ i is a (n i × 1) vector of i.i.d. standard normal variables (individual characteristics), f q are mode-specific factor loadings, and ν q is a vector of Gumbel distributed errors (Walker et al., 2007; Toledo et al., 2007) .
Estimation
Coefficients belonging to the system of equations (Eqs. (7)- (9)) were divided by . To estimate the joint continuousdiscrete model accounting for the observed panel data structure, we employ hierarchical Bayesian (HB) estimation. In the first step, starting values for the Bayesian estimation were found by ML estimation. This was needed for faster and more stable convergence. To maximize the log-likelihood defined in Eq. (22), the R package maxLik (Henningsen and Toomet, 2011) was used. Optimisers from this package search for the local minima/maxima and use by default the numerical approximations of the gradient and the Hessian. With default settings, no convergence for our model was reached. Due to the complicated functional form (the likelihood function includes quantiles), the analytical gradient and the Hessian had to be computed by hand and later programmed into R. This improvement led to stable results. The initial starting values for ML estimation were defined for each block separately. The continuous block was estimated with ML and non-linear least squares were applied to the discrete one. Afterwards, both parts were optimized together using a combination of local optimizers ("BFGS" Fletcher, 1987, "NM" Nelder and Mead, 1965) and the evolutionary global optimization (Mullen et al., 2011) for fine tuning. 6 After the starting values were found, hierarchical Bayesian estimation was employed using the R package RSGHB. The R code implementation for HB is based on Train and Sonnier (2005) and Train (2009) . In the HB framework, all coefficients can be randomly distributed, but this is not always feasable. As Train (2009) points out, (i) random alternative-specific constants might be unidentifiable empirically; (ii) indicators (such as the VTTS) are ratios with more complex distributions than their elements and might result in economically unreasonable values (e.g. negative VTTS); (iii) the distribution of parameters might not be the main interest of the research. In our paper, we decided to keep all the coefficients fixed except for the individual-specific error components (ζ i , Eq. (23)). In this setting, an individual makes multiple choices, which are assumed to be affected by unobservable personal characteristics (ζ i ) (Walker et al., 2007; Toledo et al., 2007) . This accounts for the panel structure. The HB estimation was performed with 20,000 burn-ins and 40,000 iterations for averaging after the convergence has been reached. For more details on the estimation procedure, see Chapter 12.7.3 in Train (2009) .
To sum up, the estimation proposed in Munizaga et al. (2008) was extended with three additions. First, an availability dummy was included to allow situations where not all alternatives are available. Second, multiple trips per individual were incorporated into the estimation by replicating the continuous part to match the number of trips and balancing the likelihood with individual-specific weights. Finally, the panel structure was modelled with the individual-specific error components.
Survey methods and data
In this paper, we use a novel data-set that distinguishes between 10 different activity types, 14 expenditure groups and 4 transport modes (walk, bike, car, public) over a period of one week, all of which were collected simultaneously, i.e., from the same individuals at the same time. The data was gathered using the newly developed Mobility-Activity-Expenditure Diary (MAED). It was conducted in the form of self-administered mail-back questionnaires with telephone support and incentives. The survey consisted of a diary and a household questionnaire. The diary had three sections: trip, activity and expenditure. In addition, infrequent long-term and regularly recurring payments were reported in the household questionnaire. As stated in Aschauer et al. (2019) , this type of procedure is similar to consumer expenditure surveys, which gather retrospective information on long-term cost for one year. The survey took place in spring and autumn of 2015. The net sample included 748 representatively selected Austrian workers. The reporting period of one week was a compromise between response burden and accurate representation of the individuals' long-term equilibrium. Aside from the usual plausibility checks and error corrections, time-use and expenditure data were adjusted in order to reduce the incidental and unsystematic variation in the diary data and to better reflect the long-term equilibrium of individuals . To merge daily and longterm expenditure data, Hössinger et al. (2019) developed a three step procedure leading to reasonable results. The adjusted data is comparable with the Austrian Time Use Survey (ATU'S) 2008/09 and the Austrian Consumer Expenditure Survey (ACES) 2009/10 . The focus of this section is to give an overview of the model variables used in the estimation procedure. For a more detailed description of data, we refer to Aschauer et al. (2019) , Aschauer et al. (2018) and Hössinger et al. (2019) .
Time-use and expenditure data
The model defined by Eq. (7)-(9) requires the recorded data to be assigned to groups of freely chosen and committed activities/expenditures. Our time-use and expenditure categories are very broadly defined, so that everyone engages in each activity (no zeros in data). Thus, there is no need to accommodate for corner solutions that might arise with more detailed categorization. Table 1 shows the classification and shares of reported activity and expenditure categories into the model variables.
Although the influence of the classification on the results cannot be negated, the allocation is subjective as it cannot be validated. The used representation of committed activities (T c 7 ) is based on Jara-Díaz et al. (2016) . The underlying logic is that most of the individuals do not want to spend more time than needed on domestic work, personal care, commuting or Tw education. In contrast to Jara-Díaz et al. (2016) sleeping is considered to be a committed activity, as the individual minimum for biologically staying alive exists. The activity "Eating" was classified as an unrestricted one (T f2 7 ), as it includes eating in a restaurant and thus the necessary minimum time needed for food consumption may be exceeded.
The grouping of committed expenditures (E c 7 ) adopts the argumentation presented in Aschauer et al. (2019) as well as Mokhtarian and Chen (2004) . Most importantly, people need to satisfy their basic needs (food, health, housing, education). Also, they do not want to spend too much money on household maintenance (Gronau and Hamermesh, 2006; Ahn et al., 2004) and transportation (Mokhtarian and Chen, 2004) . Finally, some tasks simply have to be taken care of (mortgages, insurance). Due to their relaxed nature, expenditures on accommodation, leisure and recreational goods, as well as on electronics and communication devices were identified as freely chosen ones and grouped into E f1 7 . Although clothing can be considered as necessity, expenses on it constituted a significant share of total spending (Table 1) , evidently exceeding the "technical minimum" (for detailed information, see Hössinger et al., 2019) . 7 The observed individuals spend on average about 36.77% of their time working, and devote 77.01% of their income to committed activities (Table 1) . All model variables are connected through time and budget constraints and thus changes in one variable will be reflected in the shift of another. The intra-continuous-block correlations are also presented in Table 1 and most of them are statistically significant. The joint estimation presented in Section 2.3 will take this into consideration.
Mobility
Due to the lack of mode choice data description in the previous studies Schmid et al., 2019) , a more thorough descriptive analysis of this part is presented here. The used data-set comprises 17,127 trips. In contrast to Jara-Díaz and Guevara (2003) and Munizaga et al. (2008) , each individual had more than one trip and on average 23.24 trips were made per individual in the reporting week. The average length of a trip is 9.80 km and the average duration is 19.90 min. Fig. 1 shows the travel mode distribution in different segments of travel distance. In general, with the increase of travel distance, usage of car increases, reaching its peak in the segment "13 − 25 km". The only segment where the usage of cars drops drastically is " ≤ 2 km" (but even then it still is used in 44.60% of the trips). This shortest distance segment corresponds to 30.22% of the total sample. In this segment people walked at least 10 times more often than in the other segments. What is more, the usage of public transport is highest in the segments "3 − 4 km" and " > 25 km". These are typical cases of intra-urban and inter-urban mobility.
In the discrete choice part (Eq. (17)), we have added the availability dummy α q . Mode "Walk" is always available; mode "Public transport" is available if a public transportation route from the start to the end point exists; modes "Car" and "Bike" are considered unavailable if the individual does not own it. Mode "Bike" was available in 88.98% of the trips, "Car" in 91.95% and "Public transport" in 62.75%. Switching between the modes seems to not be that common, as 82.35% of the trips were done with the same mode as the previous one. The stickiest mode is "Car", because in 91.50% (Table 2) of cases it remains the chosen mode. Also, the observed individuals usually switch to car, if they switch at all. If the previous trip was done with public transport, participants were more likely to walk than to use a car on the following trip.
Thus, even for the short distances individuals choose to go by car more often than to walk. This decision might be driven to a large extent by the duration of the trip. In 59.63% of cases, going by car was the quickest travel mode (Table 3) . Only 35.29% of observed trips were carried out with a slower mode. The car was chosen even if walking would have been faster (74.68% of cases). Also, the socio-economic factors might influence mode choice. Respondents living in rural areas use the car twice as often as their urban counterparts ( Appendix Fig. B.3) . Persons without high school education and people with children tend to use a car more often and travel with public transport less often, compared to their counterparts. From this analysis, one can conclude that the trip duration is not the only factor influencing the travel mode choice. Thus, precommitments to modes via vehicle ownership, lifestyle, socio-economic status or comfort perception also play a role in the decision making.
Correlations between continuous variables and mode choice probabilities can be seen in Table 4 . The individual probability of choosing a specific mode was defined as ratio between the frequency of choosing a specific mode and the total number of trips made. Although intra-block (within discrete/continuous block) correlations are high, inter-block (between mode choice and activities/expenditures) correlations are low. Munizaga et al. (2008) had estimated inter-correlations of up to 0.7, but in the MAED data-set the observed ones are only close to 0.1.
To estimate the probability of choosing a specific mode, one needs to specify the indirect utility function V q (Eq. (15)). In this study, the following linear functional forms were assumed: 
The index set {1, 2, 3, 4} corresponds to mode set {Walk, Bike, Car, Public transport}. Variable time q represents the duration of a trip with mode q, and cost q is the cost of a trip with mode q. To incorporate "stickiness" to a particular mode, as shown in Table 2 , the inertia variable I q was created. Following the approach from Börjesson et al. (2013) , Cherchi et al. (2013) , and Schmid et al. (2019) the inertia variable is a dummy, which is equal to one if the mode chosen by a person for a trip at the start of the current tour is the same as the one chosen in the previous tour made for the same purpose, and zero otherwise. To account for different trip purposes, variables L q (leisure) and W q (work/education) were incorporated into the estimation framework. They were created using effect coding and their effects (γ L,q , γ W,q ) can thus be interpreted as deviations from the average. HhPark 3 is a dummy for parking availability at home, JobPark 3 -a dummy for parking availability at work place, MgPark 3 -a dummy for parking management in-force of the destination of the trip, t2bus 4 -the access time (time from start to the first station; time to destination from the last station), servInt 4 -public transport service interval in minutes, stops 4 -the necessary number of changes to reach the destination with public transport. The latter variable is equal to zero for trips outside Vienna.
Results
Four models were estimated with the estimation procedure described in Section 2. The first model ("w/o corr") corresponds to the model without inter continuous-discrete block correlations, while the second model includes them ("w/ corr"). The third model ("w/o E f1 ") was estimated without expenditure equation (Eq. (9)), but with inter-block correlations. The last model ("w/o Panel") was estimated with inter continuous-discrete block correlations, but does not account for the panel structure. As mentioned before, there is a disbalance between the number of observations in continuous and discrete data: individual i has only one set of {T w , T f1 , E f1 , …} and multiple trips (n i ). To merge these parts, {T w , T f1 , E f1 , …} observations were replicated n i times for individual i. This could cause a bias in the likelihood and the estimation results. To correct for these potential distortions, the weights (W 1 = W 2 = W 3 ) were applied to the continuous equations. They were chosen to be indirectly proportional to the number of trips made by individual i (W i1 = 1/n i ).
The estimation results are shown in Table 5 . All models are unique to this study as they present for the first time outcomes from the joint time-use and mode choice model, while accounting for the panel structure of the underlying data (except model "w/o Panel"), and including an expenditure equation (except model "w/o E f1 "). The third model ("w/o E f1 ") serves as a reference for comparability with the earlier works, as it is similar to the one used in Jara-Díaz and Guevara (2003) and Munizaga et al. (2008) , both of which do not include an exogenous expenditure modelling procedure.
The analysis begins with a comparison of the models without inter-continuous-discrete block correlations ("w/o corr") and with ("w/ corr"). There is a considerable likelihood improvement and the McFadden R 2 (ρ 2 ) is higher, if inter-block correlations are considered. This is caused by the estimation of possible correlations, as well as the changes in the values of parameters. As noted in Munizaga et al. (2008) , these correlations have to be interpreted with the opposite sign. Thus, the negative value of ρ Tw&car is an indicator of unobservable factors that make people assign more time to work and, simultaneously, have a higher propensity to use the car. Also, ρ Ef1&car is negative, reflecting the possibly higher expenditures of car drivers. The lowest absolute correlations are between work time (T w ) and three transportation modes: public transport, walk, and bike. In general, work time and uncommitted expenditures (group E f1 ) have mostly negative correlations with all transport modes and free time activity (group T f1 ) has positive correlations. Also, car made has the highest absolute correlations with the continuous equations. This might be due to the fact that the MAED sample is strongly dominated by car users since about 70% of all trips were made by car. The exclusion of these relationships (inter-block correlations) results in a 17.04% underestimation of the VoL.
In previous studies, the joint time-use and activity model was estimated without an expenditure equation. To investigate the effect of incorporating expenditures, we have estimated a model without expenditure equation (Column "w/o E f1 "). The likelihoods of the "w/o E f1 " and of the other models are not comparable, as this model includes fewer data points to be estimated and thus produces fewer errors. The biggest difference in the estimates appears to be the value of elasticity of utility with respect to work time (θ w). It seems that the "w/o E f1 " model transfers some baseline utility from goods to work, as becomes smaller and θ w increases, but remains negative. From Equation (13) from Jara-Díaz et al. (2008) 
Thus, the value of leisure equals the wage rate (w) and one falls back to the assumption made in Train and McFadden (1978) and Becker (1965) . This can be seen in the VoL from the "w/o E F1 " model. If expenditures are ignored, the difference between the wage rate and the VoL diminishes to around 1€/h and the VoL is overestimated by 16.83%. What is more, consideration of the panel structure according to Eq. (23) plays a role. It improves the overall model fit from 0.608 ("w/o Panel") to 0.634 ("w/" corr) and represents the observed situation (repeated observations) better. We conclude that the model with expenditures and panel structure better reflects the real preferences of the individuals and thus we use it for further analysis.
In the final model, 57 parameters were estimated, of which 10 belong to the continuous block. Parameter θ w is negative, indicating that work generates disutility. This is also confirmed by the negative value of VTAW. On average, the disutility of work is estimated to be around 2.8€/h. Parameters (sum of all exponents of freely chosen goods), φ 1 (the first group of freely chosen goods) and θ 1 (the first group of freely chosen activities) positively effect utility. As not all modes are always available, the four mode constants do not represent the market shares in the sample. Time and cost parameters represent the negative marginal utility of having to pay or to spend time on travelling. Public transport parameters β t2bus , β servInt and β stops depict the displeasure in having to walk to/from a station, to wait more for the next bus, and to change transport more often, respectively. Having parking place near home (β HhPark ) or work (β JobPark ) has a positive effect on choosing car as transport mode, and, conversely, the presence of parking pricing scheme (β MgPark ) has a negative effect. As it was expected, all inertia effects have positive signs, indicating positive effects of preferences in previous tours on the current one with the same trip purpose.
In comparison to the other models with panel structure, the cost coefficient (β cost ) from the Model "w/ corr" is smaller in absolute terms, but still negative. This results in higher estimates of the VTTS for all modes. All models display the same ordering (from high to low) of the VTTS: walk, car, bike, public transport. This finding is consistent with Schmid et al. (2019) . Interestingly, car exhibits a higher VTTS than public transport. The latter has the highest VTTS for leisure trips, whereas the VTTS of "Car" is highest for the "other" purpose trips. Overall, the highest VTTS is observed for work-related trips by mode "Walk" (26€/h, which is double the average wage rate), indicating unwillingness to walk to work. The binding link between VTTS and VTAT predetermines the negative relationship between them. The low VTTS of public transport is caused by the positive and significant VTAT, which captures the good public transport conditions in Austria, and might explain the different ordering of alternatives in comparison to studies from other countries. The VTAT for car is smaller than for PT and negative, which contradicts the general belief, that travelling by car is more pleasant. Better travel conditions of public transport might be caused by the possibility to engage in secondary activities (listen to music, read, surf the web, etc.) or by the lifted burden of driving and spending less time in traffic jams. To conclude the final model (with interblock correlations and panel structure) is the most informative, as it allows to take into account most of the available information. Therefore, it is used in the following segmentation analysis of the value of time indicators, VoL, VTTS and VTAT.
Segmentation
For the sake of comparability with the previous studies based on the same dataset Hössinger et al., 2019) , the sample was divided by urbanity, gender, age, education, parenthood, number of workers in the household and personal income, all of which are expressed as dummy variables representing a "lower" and "upper" group. A priori segmentation was applied to the data and afterwards the model proposed in Eq. (22) was estimated. The results of the 14 different models are presented in Fig. 2 . There are considerable differences between some of the segments.
The largest absolute intra-segment VoL differences are observed for the following partitions: "Pers. income" (9.82€/h), "No. of workers" (6.32€/h), "Gender" (4.76€/h) and "Age" (4.05€/h). Hössinger et al. (2019) discuss the possible reasons for that. The study tries to explain the potential relationship between (used in the VoL calculation) and the variance of T w , arguing that "a high variance causes a low VoL and vice versa". As an example, the segmentation by gender. Male respondents have high values of observed T w with a low variance in working time and females have lower values of T w with a higher variance in working time (mainly due to part-time work being more common for females). The same can be said about single workers, who are working mainly full time and thus have low variance in T w . An additional reason for these disparities are the considerable differences in working time and time assigned to domestic work. In the MAED sample, women spend close to 9 h/week less in the paid work and around the same amount more in the domestic work.
Another crucial part for the derivation of the VTAT is the VTTS. Despite the similarity in the mode-specific VTTS ranking to other recent valuation studies Börjesson and Eliasson, 2014; Kouwenhoven et al., 2014; Axhausen et al., 2014; Fröhlich et al., 2012; Weis et al., 2012) , it is more profoundly expressed in the current study. Fig. 3 gives an overview of all time indicators in different segments. Participants selecting transport modes "Bike" and "Car" exhibit similar willingness to pay for additional unit of leisure and reduction of travel time, whereas the VTTS and VoL for both "Walk" and "PT" differ considerably. Further analysis concentrates on the differences between car and public transport (PT), as the Austrian infrastructure expenditure on these modes make up a substantially larger share than on walking or cycling. Differences between VTTS for car and public transport can be seen in Table 6 . The average difference in the VTTS is estimated to be around 6.07€/h and in the study of Schmid et al. (2019) 8 -around 4€/h. To explain the disparity in the willingness to pay to reduce travel time, Schmid et al. (2019) followed the approach proposed by Flügel (2014) , which divides the VTTS into two parts: the mode effect (ME) and the user-type effect (UE). The pure average ME is based on the weighted average of the differences in the VTTS between car and PT within each user group. It can also be expressed as the weighted average of differences in the VTAT:
Here, the first user group is denoted by 0 and the second by 1. N 0 is the number of users in group 0 and N 1 in group 1. If a user type is controlled by some variable (e.g. by including the interaction term), lower values of ME car−PT will indicate higher explanatory power of the grouping variable in explaining VTTS.
The user type effect (UE 1−0 ) is defined as the VTTS differences between the two user-groups within each mode and weighted according to the number of observed choices of PT(N PT ) and car(N car ). The joint estimation framework allows for further decomposition of UE. Using the relationship V T T S = V TAT − VoL, the UE can be additionally disentangled into UE VoL and UE VTAT . This enables to explain the UE through the differences in perception of leisure and time assigned to travel.
Here, the UE 1−0 is decomposed into the UE VoL (differences in leisure perception within each segment) and the differences between the weighted averages of user-type-specific VTAT (value of time spent while travelling). This new decom-position can be calculated due to the joint modelling framework presented in this study, with simultaneous computation of VoL and VTAT. As mentioned before, the difference in the VTTS between car and public transport for the average trip is estimated to be 6.07€/h. The proposed decomposition into user and mode type effect was used to disentangle this difference.
If the UE 1−0 is 0, the UE of VoL and VTAT are equal (segments: "No. of workers" Table 6 ). In other words, the UE of both activities, leisure or travel, is the same. If it is positive and both UE VoL and UE VTAT are positive, there are bigger dissimilarities between the groups in the perception of leisure than in travel time ("Age", "Pers. income"). If UE 1−0 > 0 and both UE VoL and UE VTAT are negative, bigger dissimilarities between groups in the perception of travel time than of leisure are present (segment: "Gender", "Children"). If UE 1−0 < 0 and both UE VoL < 0 and UE VTAT < 0, groups are more heterogeneous in the valuation of leisure than towards travel time. If UE 1−0 < 0 and both UE VoL > 0 and UE VTAT > 0, groups are more heterogeneous in the attitude towards travel time than towards leisure (segment: "Urbanity", "Education"). The MAED sample is strongly dominated by car travelers, as 69.54% of all trips were made by car and only 10.83% by public transport. Thus if car travelers of both segments perceive the travel time similarly ( VTAT Car is small, segment "Age"), the UE is dominated by differences in leisure preferences All segment-specific ME and UE values can be found in Table 6 . In most of the segments and trip purposes, the mode effect is more profound than the user type effect and close to the global difference in the VTTS associated with car and public transport. Only for leisure-related trips, the user effect becomes dominant (segments: "Urbanity", "Age", "Children") with more profound or negative differences in the perception of travel time (UE VTAT ).
The results indicate that the difference of 6.07€/h in the VTTS between car and public transport can be marginally reduced if the user effect is taken into account. In contrast to most of the other European studies on the VTTS, the user effect was found to be much smaller than the mode effect. Segmentation by "Age" exhibits the strongest power to disentangle the average VTTS difference between car and PT. This segmentation is also associated with the highest heterogeneity in the average VTTS independent of the mode (UE), which is driven by the differences in the perception of leisure (UE VoL ). All in all, the mode effect almost always dominates the user type effect. Higher values of the user effect are caused by more profound differences in the VoL than in the VTAT.
Synthesis and conclusions
The main objective of this study was to develop an advanced estimation procedure which facilitates the joint estimation of the discrete-continuous model framework with all its components (including time-use, expenditures, and each of the weekly travel choices) as proposed by Jara-Díaz and Guevara (2003) , allowing individuals to make multiple trips and to estimate the parameters of this model framework with the MAED dataset in order to obtain the value of leisure, travel time savings, and time assigned to travel. Expenditures were obtained from the same individuals (not imputed) and all travel choices were considered simultaneously. The original framework was extended to incorporate multiple trips per individual, transport mode availability, weighting of likelihood, and to take into account the observed panel data structure.
The estimated values of time show that the average VoL is 9.29€/h and that the VTTS varies strongly between the modes (9.98€/h for car, 3.91€/h for public transport, 9.25€/h for bike and 17.53€/h for walk). These results are close to those obtained by Hössinger et al. (2019) and Schmid et al. (2019) in their independently estimated models (both of which are based on the same dataset). Nonetheless, the joint estimation should be preferred. It is indeed superior over the independent estimation, as it permits the calculation of standard deviations for the VTAT, which is calculated from both types of choices. Also, it results in better model fit. Additionally, the joint estimation framework allows to better understand the user effect (according to Flügel (2014) ) by a deeper decomposition into a VoL-related and VTAT-related parts. Although, the mode effect dominates in the VTTS differences, it might be partially reduced by means of segmentation according to age and trip purpose, which indicates that leisure trips reveal the lowest mode effect.
Moreover, for the first time we show the importance of the endogenous expenditure modelling, which has a considerable effect on VoL (decrease of 16.83%). Leaving out the expenditure equation would result in biased estimates of base line utility of work (θ w ), and total freely chosen expenses ( ). We thus recommend using activity duration and expenditures in the model, both of which should be observed from the same individuals. In methodological terms, we have presented several innovations in this paper: We (i) estimated for the first time the full theoretical model of Jara-Díaz and Guevara (2003) , (ii) extended the empirical framework of Munizaga et al. (2008) to incorporate the expenditure estimation, (iii) multiple trips per individual were allowed, and (iv) the panel structure of the underlying data is taken into account. The development of the procedure comes with its costs (as discussed below), but the solution is robust and runs on a conventional computer in reasonable time. Furthermore, it allows for a flexible definition of the number of equations (both continuous and discrete), varying number of alternatives in the choice sets, non-linearity of indirect utilities, inclusion of interaction terms, and usage of the produced likelihood function with other R packages. 9 Some possible advances are left for future work. Instead of using the likelihood formulated in Munizaga et al. (2008) , one could estimate the joint model in a full Bayesian framework. Also, the benefits of using probit instead of logit could be tested. Another problem is associated with the theoretical treatment of domestic work in the modelling framework; its classification as committed activity should be rethought. The nature of domestic (unpaid) work is arguably more similar to paid work than to eating or sleeping, in a sense that it can be outsourced to other persons. Although it is evident from our data that individuals responsible for more domestic chores work less and have a lower disposable income, the causality is up for discussion -work less because of more chores or more chores because of less work. Mostly, those engaging in more domestic chores are females, who work on average 9 h less per week in their official (paid) work and 8 h more in their unofficial domestic work than men . Mainly due to this, the value of leisure of females is worth 60% of males (5.86€/h vs 10.63€/h). It would be desirable to account for the monetary value of domestic work in one way or another. For the valuation, several possibilities exist: including the wage rate (Luxton, 1997, opportunity cost method) , the market value of such domestic work (Folbre, 2006 , market replacement cost method), the calculation of the monetary value of the goods/services produced (Luxton, 1997, input/output cost method) or the recent incorporation of domestic work in the time-use framework by Rosales-Salas and Jara-Díaz (2017). All options have their specifics but the consideration of unpaid work is likely to close the gender gap in the value of leisure. 
